results suggest that assessments of school performance depend on choices of how data are modeled and analyzed. In particular, the present study indicates that schools with low mean scores are not always "poor performing" schools. Use of student growth rates to evaluate school performance enables schools that would otherwise be deemed low performing to demonstrate positive effects on student achievement. Implications for state accountability systems are discussed.
With the enactment of the No Child Left Behind (NCLB; No Child Left Behind Act, 2002) legislation, states are now required to develop content-based standards in mathematics and reading or language arts and have tests that are linked to those standards in grades 3 through 8. The new legislation also requires states to set a proficiency standard for performance on those content-aligned tests. The proficiency standard will enable states to identify "probationary" schools, monitor their performance, and intervene if adequate yearly progress toward the standard does not occur. The increased emphasis that NCLB brings to the assessment of state content standards and the measurement of school effectiveness is intended to ensure that all students have access to an equitable and comprehensive education. However, the assessment of student performance and the measurement of school effectiveness are neither simple nor straightforward (Linn, 2000; Stevens, 2000) . There are many complex issues involved in the development and implementation of accountability systems that are not acknowledged or considered in the fervor of political and public dialogue and policy discussion on educational reform. One issue of substantial importance is how the analytic methods used in an accountability system may impact the evaluation of school effectiveness. At its heart, the measurement of student learning and school effectiveness poses some challenges in research design that must be met if the effects of teachers and schools are to be validly estimated.
One of the most difficult challenges in evaluating school performance is to separate the effects of schooling from the intake characteristics of the students who attend the school (Raudenbush & Willms, 1995; Willms, 1992) . The evaluative challenge stems from the manner in which students come to attend particular schools. Nonrandom selection processes sort families into neighborhoods and students into schools. The unequal distribution of student characteristics that follows tends to give schools with challenging intakes a competitive disadvantage in most accountability systems. Schools with disadvantaged intakes are at particular risk of unfavorable evaluation if the state accountability system fails to use statistical methods that properly account for student background and the hierarchical nature of school accountability data. State accountability models that use school means or medians as the primary or only indicator of school effectiveness are particularly problematic. Common practice is to aggregate student data to the level of the school in these models. However, if relevant data occur at different levels or for different sampling "units" as in the measurement of both students and schools, then aggregating data to the school level may be inappropriate. This issue is often referred to as a "unit of analysis" problem. In statistical terminology, students are nested within schools and analysis should incorporate the nested structure of the data into the design through the use of multilevel analysis methods (see Aitken & Longford, 1986; Brown, 1994; Burstein, 1980; Cronbach, 1976; Cronbach & Webb, 1975; Goldstein, 1988; Raudenbush & Willms, 1995) . Yet, few state systems appear to use multilevel methods. Accountability systems that fail to properly model the nested structure of data tend to confound school intake with school practice and policy and are probably biased in their estimation of school effects.
Another issue of importance in the measurement of school performance is the over-reliance in accountability systems on the comparison of successive cohorts of students as a measure of "change". States that use the successive cohort approach (e.g., the mean performance of 6th graders in 2001 is compared to the mean performance of 6th graders in 2002) to measure and evaluate school performance attempt to mitigate school differences in student intake by focusing on the year-to-year change in student achievement scores. The comparison of successive student cohorts enables states to evaluate schools in terms of proficiency gains instead of absolute performance levels. However, the use of different cohorts of students to measure school progress or school improvement is problematic for evaluative purposes. Recent investigations of the successive cohort approach demonstrate that estimates of year-to-year gains in proficiency are affected in large part by sampling variation, measurement error, and unique, non-persistent factors that are not associated with school size or school practice (Linn & Haug, 2002; Kane & Staiger, 2002) . The lack of systematic variation in the successive cohort change score puts states at risk of assessing school performance on the basis of fluctuations in student cohorts or test administration conditions instead of actual changes in student performance (Linn & Haug, 2002) .
Evidence that school performance cannot be estimated without bias when student test scores are aggregated at a single point in time or with precision when successive student cohorts are compared has led a number of authors to argue for the use of longitudinal analyses of individual student performance as a more direct and accurate estimate of school effects (Barton & Coley, 1998; Bryk & Raudenbush, 1988; Linn & Haug, 2002) . For example, Goldstein (1991, p. 14) , describing school effectiveness studies in Britain, stated that "...It is now recognised...that intake achievement is the single most important factor affecting subsequent achievement, and that the only fair way to compare schools is on the basis of how much progress pupils make during their time at school." Student progress can be measured by comparing year-to-year differences in individual performance, but the most appropriate methodology for measuring changes in student achievement is through estimation of individual growth trajectories by means of the multilevel model (Bryk & Raudenbush, 1992 , 1987 Willett, 1988; Willms, 1992) . In this approach, student test scores are linked across time. A regression function is then fit to the outcome data obtained on each student. The resulting growth trajectories index the rate at which students acquire certain academic competencies. A measure of school performance follows from averaging the individual growth trajectories within each school.
Multilevel, longitudinal analyses of individual student performance may allow the conceptualization of the most relevant and direct outcome measures of school effectiveness by facilitating estimation of the added benefit or "value" that students receive by attending a particular school (Boyle & Willms, 2001; Bryk & Raudenbush, 1988; Willms, 1992) . The multilevel, longitudinal model facilitates value-added school performance estimates by providing a degree of control over a wealth of confounding factors that otherwise complicate the evaluation of school effectiveness. When longitudinal models are used, each student serves as his/her own control for confounding factors that are stable characteristics of the student over time (Sanders & Horn, 1994; Stevens, 2000) . Therefore, the confounding effects of factors like socio-economic status, limited English proficiency, and ethnic and cultural differences may be largely controlled through the application of a matched longitudinal design.
Despite the potential of using multilevel, longitudinal models to measure and evaluate school performance (Boyle & Willms, 2001; Teddlie & Reynolds, 2000) , only a few reported studies have applied these models to student achievement data (e.g., Bryk & Raudenbush, 1988; Willms & Jacobsen, 1990) . Given the lack of published examples, the purpose of the present study was to provide a demonstration of the use of multilevel, longitudinal models to estimate school effectiveness using a sample of middle school students. We were interested in examining the following research questions: 1) How does student achievement performance vary over a three year period? 2) How much of the variation in performance is associated with individual differences among the students and how much with differences from school to school? and, 3) How does the evaluation of school performance differ based on an examination of school mean achievement vs. an examination of school average rates of growth in achievement?
Method Participants
Standardized test data from middle school students in a large urban school district located in the southwestern United States were analyzed in the present study. The school district that provided the data has over 100 schools and serves close to 90,000 students annually. The district has a diverse student body. In recent years, the student population has been approximately 46% Hispanic, 44% Anglo, 4% Native American, 3% African American, 2% Asian and 1% other. The district serves many students who are not fully English proficient. On average, twenty percent of the students who attend district schools are classified as Limited English Proficient (LEP). The district is also impacted by widespread poverty. In any given year, approximately 35% of the district's middle school students receive a free or a reduced price lunch.
At the middle school level, the school district has 24 schools that serve over 20,000 students in grades 6 through 8. All sixth, seventh, and eighth grade students are tested annually on a norm-referenced achievement test, the TerraNova/CTBS5 Survey Plus (CTB/McGraw-Hill, 1997). Approximately 6,500 students in each grade take the test each spring. Achievement data from students who were in sixth grade in 1998-99, seventh grade in 1999-00, and eighth grade in 2000-01 were analyzed in the present study. Middle school students were used because they provided the only cohort on which three consecutive years of data were available. Mathematics and Language scores were used to provide a demonstration using core subject areas and those content areas required in the NCLB legislation. All students who completed an examination in all three study years were selected (N = 4,918). Since the purpose of the study was to examine school effects, 800 students who did not attend the same middle school in all three years were excluded resulting in a sample of 4,118 students. Any student who did not have a mathematics or language composite score in all three study years was excluded as well as any student who received a modified test administration in any of the three years. This resulted in a final sample of 3,299 students nested within 24 middle schools.
The sample consisted of almost equal numbers of males and females. Fifty-one percent of the sample were female (N = 1,698); forty-nine percent were male (N = 1,601). Representation of ethnic groups was more variable. Forty-six percent (N = 1,524) of the sample were Anglo, 45% (N = 1,495) were Hispanic, 3% (N = 87) were African American, 3% (N = 86) were Native American, and 2% (N = 67) were of Asian descent. The ethnic background of 40 students was not identified. Thirty-five percent (N = 1,152) of the sample received a free or a reduced price lunch, 12% (N = 390) were classified as LEP, and 3% (N = 98) were special education students. In most respects, the backgrounds of students in the analytic sample were representative of the students who attend district middle schools. However, the exclusion of students who did not participate in all three test administrations, students who transferred schools, and students who received at least one modified test administration did lower the percentage of free lunch recipients and the percentage of LEP and special education students below district averages by 1%, 8%, and 18%, respectively. Nonetheless, the disproportionate exclusion of students from special populations did not affect the pattern of school mean achievement. Correlations between school mean achievement in grade 6 for the original and the analytic sample were .98 for mathematics and .99 for language.
Measures
Achievement data used in the study were student scores on the TerraNova/CTBS5 Survey Plus, a standardized, norm referenced achievement test (CTB/McGraw-Hill, 1997). The Survey Plus is a test battery that spans grades 2 through 12. All test items are selected-response. The Survey Plus tests students in Reading, Language Arts, Mathematics, Science, Social Studies, Word Analysis, Vocabulary, Language Mechanics, Spelling, and Mathematics Computation. CTB/McGraw-Hill calculates an IRT derived score for each student in each subject area. CTB/McGraw Hill also provides each student with a weighted composite score in Reading, Mathematics, and Language.
Student scale scores on the Mathematics and Language composites were analyzed in the present study. The mathematics composite score is derived from the 31-item Mathematics and the 20-item Mathematics Computation subtests. According to the publisher, the Mathematics subtest measures a student's ability to apply grade appropriate mathematical concepts and procedures to a range of problem-solving situations. The Mathematics Computation subtest measures a student's ability to perform arithmetic operations on grade appropriate number types. CTB/McGraw-Hill reported a KR-20 reliability estimate of .86 for the Mathematics subtest in the 6th, 7th, and 8th grade norming samples. For Mathematics Computation, KR-20 was .83 in grade 6, .80 in grade 7, and .85 in grade 8. For the Mathematics composite, KR-20 was reported at .91 in grade 6, .90 in grade 7, and .92 in grade 8 (CTB/McGraw-Hill, 1997).
The Language composite was also derived from a weighted combination of two subtests. The 22-item Language subtest is intended to measure a student's ability to understand the structure and usage of words in standard written English. The 20-item Language Mechanics subtest is designed to measure a student's ability to edit and proofread standard written English. CTB/McGraw-Hill reported KR-20 reliability estimates of .86 in grade 6, .84 in grade 7, and .81 in the grade 8 norm groups. For Language Mechanics, KR-20 was reported as .84 in grades 6 and 7 and .85 in grade 8. For the Language composite, KR-20 was .91 in grades 6 and 7 and .90 in grade 8 (CTB/McGraw-Hill, 1997).
Analytic Procedures
Multilevel modeling techniques were used to estimate a mean achievement score and a mean growth trajectory for each school. The Hierarchical Linear Modeling (HLM) program, version 5.04 (Raudenbush, Bryk, Cheong, & Congdon, 2001 ) was used to estimate three-level longitudinal models. Level-1 was composed of a longitudinal growth model that fitted a linear regression function to each individual student's achievement scores over the three years studied (grades 6, 7, and 8). Equation 1 specifies the level-1 model:
As written, γ tij is the outcome (i.e., mathematics or language achievement) at time t for student i in school j, π 0ij is the initial status of student ij (i.e., 6th grade performance), π 1ij is the linear growth rate across grades 6-8 for student ij, and e tij is a residual term representing unexplained variation from the latent growth trajectory. Levels 2 and 3 in the HLM model estimate mean growth trajectories in terms of both initial status and growth rate across students (equations 2a and 2b) and across schools (equations 3a and 3b):
The initial status and growth of student achievement in equations 2a and 2b is conceived as a function of the school average achievement or school average slope and residual. Similarly, the initial status and growth by school in equations 3a and 3b is conceived as a function of the grand mean achievement or the grand mean slope and residual. Equations 3a and 3b were used to calculate estimates of school mean achievement and school mean growth reported in the present study.
Results

Model Assumptions
Visual examination of univariate frequency distributions and a check of summary statistics revealed that mathematics and language achievement scores were distributed normally (i.e., skew and kurtosis values < 1) in all three study years. A check of within-subject bivariate plots revealed linear relationships between achievement scores across the three study years in both mathematics and language. After checking model assumptions, three SPSS data files were transferred to the HLM program for analysis. The Level-1 data file contained student and school identifiers, three years of student mathematics and language composite scale scores, and a field for year. This file contained 9,897 records (i.e., three records for each of 3,299 students). The Level-2 data file contained student and school identifiers (N = 3,299). The Level-3 data file contained only a school identifier (N = 24). Table 1 presents the results of the three-level HLM model for mathematics. In the upper portion of the table, the results of the fixed effects regression model are presented. The first estimate shown, the grand mean (γ 000 ), is the intercept or the average 6th grade mathematics scale score for all students in the sample. The second estimate, the grand slope (γ 100 ), is the average yearly growth rate of the students. Thus, in this sample, the average mathematics score is estimated as 659.43 and on average, student mathematics achievement is expected to increase by 18.40 scale score points per year. Note. Results based on data from 3,299 students distributed across 24 middle schools.
Mathematics
* p < .001
Figure 1. Relationship between mathematics achievement and mathematics growth by school.
Estimates of student and school-level parameter variance are presented next in Table 1 . Chi-square tests of the hypotheses that students and schools differ in level and growth of mathematics achievement indicate that there was statistically significant variation across all parameters. Both students and schools differ significantly in initial achievement levels and the rate of achievement growth. This indicates that there are individual differences from one student to another in mathematics achievement initially in grade 6 as well as in the rate of growth in mathematics achievement throughout middle school. In addition, inspection of the variance components presented at the bottom of Table 1 show that the amount of between school variance in mathematics mean achievement (21.0%) and mean achievement growth (41.8%) is also relatively large and statistically significant.
Thus, over and above individual differences, there are systematic differences from one school to another in mean mathematics achievement initially in grade 6 and in the school average rate of growth in mathematics achievement from the 6th to the 8th grade.
To further illustrate these observed school level differences in mathematics achievement, Empirical Bayes (EB) estimates of the 24 middle-school mathematics mean achievement and mean growth rates are presented in the scatterplot in Figure 1 on the vertical and horizontal axes, respectively. The horizontal line in the interior of the figure represents the grand mean achievement in mathematics. The vertical line in the interior of the figure represents the grand mean growth in mathematics. The two grand mean reference lines are used to classify schools into four quadrants of school performance. The upper right quadrant contains schools with above average mean achievement in grade 6 and above average growth from grades 6 to 8. The lower right quadrant contains schools with below average mean scores, but above average growth. The two quadrants on the left side of the figure contain schools with below average growth and either high or low mean achievement. A number of interesting results can be seen in Figure 1 . First, two schools (22 and 13) with low mean scores record the highest growth in the district. Strong growth is also evident in high scoring school 7. Also evident in Figure 1 is a school (8) with a low mean score and very poor mathematics growth. Relatively poor mathematics growth also occurs in two schools with high 6th grade mathematics achievement. Schools 21 and 18, second and third in 6th grade mean achievement, are noticeably below the district average in mathematics growth. Overall, a slight positive relationship exists between mathematics mean achievement and mathematics mean growth (t b = .14). On average, schools with low mean scores record less growth than schools with high mean scores. Appendix A presents the individual school mean and school growth estimates on which Figure 1 is based. Figure 2 displays the school estimates in growth trajectory form. Each line in Figure  2 shows the average mathematics achievement at one of the 24 middle schools. As can be seen, there is a good deal of variation from school-to-school both in initial status (i.e., grade 6 mean achievement) and in the average rates of growth over time. The variation in average mathematics growth rates is indicated in part by the number of crossing lines in the figure. Alternative line styles are used to highlight schools with exceptionally high or low growth rates. Schools with a high growth rate are represented by the broken dot pattern. Schools with a low growth rate are represented by the broken line pattern. In Figure 2 , the strong growth of two of the schools with low 6th grade achievement levels can be clearly seen. The school with the lowest 6th grade mean score (24th in rank) shows average achievement growth 1.4 times the overall average for mathematics growth. By 8th grade, the rank of the school has changed from 24th to 18th in average mathematics achievement. Similarly, the school that ranks 21st in mean performance in 6th grade, also shows average achievement growth 1.4 times the average and moves to a rank of 16th by the end of 8th grade. Strong growth is also apparent in some of the schools with high 6th grade mean scores. For example, the 10th ranked school in 6th grade mathematics achievement becomes the 6th ranked school in 8th grade mathematics achievement. Schools with lower than average mathematics growth are also readily apparent in Figure 2 . The third ranked school in 6th grade mathematics performance falls to seventh ranked in 8th grade performance. In addition, the 22nd ranked school in 6th grade achievement not only becomes the lowest ranked school by the end of 8th grade, but by achieving at only 39% of the overall average for mathematics growth, also falls far behind the achievement level of all other middle schools in the district.
Language
The same three-level, longitudinal HLM model was applied to the language achievement scores of the same sample of students. Table 2 presents these results. As can be seen in Table 2 , model results for language achievement were similar to those for mathematics achievement. Except for variation in student growth rates, all parameters of the three-level HLM model were statistically significant. The average language achievement for all students across the 24 middle schools was 661.43 in grade 6 and the average yearly growth in language achievement was 12.30 score points. Inspection of the variance components from the language model shows that while there is statistically significant individual variation in students' initial language achievement in grade 6, individual language growth rates do not differ statistically. Table 2 also shows that school growth rates in language are less variable than school growth rates in mathematics. Of the variation that does exist in language growth rates, 84% was between school variance. Thus, in the case of language achievement, students differed in their average language achievement at grade 6 but showed rates of growth in language achievement that did not differ significantly. At the school level, there were statistically significant differences in average achievement at grade 6 and in average rates of growth in language achievement through grade 8. Note. Results based on data from 3,299 students distributed across 24 middle schools.
* p < .001
Empirical Bayes estimates of the 24 middle-school language means and growth rates are displayed in Figure 3 . Instances of all four patterns of achievement described for the mathematics achievement results are also present in Figure 3 . School 22 demonstrates high growth relative to its 6th grade mean language achievement while growth is low for school 8 in language as it was in mathematics.
As with the mathematics results, school 18 again demonstrates low growth relative to 6th grade mean achievement while school 7 shows a high growth rate in language achievement. Overall, the relationship between language mean achievement and language mean growth is positive (t b = .41). On average, schools with low language mean scores showed less growth than schools with high language mean scores. School language achievement means and growth rate estimates are presented in Appendix A. Figure 4 displays these results in growth trajectory form. Alternative line styles are again used to represent schools with exceptionally high or low growth rates. The figure shows that, while middle schools differ substantially in mean language achievement at grade 6, the rate of language achievement growth is more similar across schools as evidenced by the parallel pattern of the growth trajectories. Relative to mathematics, fewer schools change rank position. Some possibly important differences in growth rate still exist however. The third ranked school in 6th grade language performance increased its relative standing over other schools in the district. Conversely, the 23rd ranked school in 6th grade language performance becomes the lowest ranked school by the end of 8th grade. 
Discussion
The purpose of the present study was to apply multilevel, longitudinal models in an analysis of school effectiveness in mathematics and language achievement and to demonstrate how assessments of school performance can differ based on how data are modeled and analyzed. The present study demonstrated that assessments of school performance varied across mathematics and language achievement measures. Estimates of the proportions of variance in achievement associated with individual students and with middle schools showed that significant proportions of variation were associated with school-to-school differences in performance. In the current sample, 21 percent of the unadjusted variation in mathematics achievement and 42 percent of the unadjusted variation in mathematics growth were attributable to between-school differences. For language, 18 percent of the unadjusted variation in school achievement means and 84 percent of the unadjusted variation in school growth trajectories were associated with school-to-school differences.
The present study also showed that evaluations of school performance differ depending on whether school mean achievement or school mean growth in achievement are examined. There was significant variation in the mean achievement of students in mathematics and language both from student-to-student and from school-to-school. The analyses also showed that there was significant variation in the rate of achievement growth from student-to-student and from school-to-school for mathematics and from school-to-school for language.
Using results from the multilevel, longitudinal models, mean achievement and mean growth were estimated for each middle school in mathematics and language. Evaluation of these estimates showed that the school mean level of performance was not strongly predictive of the school mean rate of growth. Correlations of school mean and school growth estimates were only .14 for mathematics and .41 for language. Inspection of Figures 1 and 3 showed that characterization of school performance is substantially different depending on whether mean achievement or mean growth is examined. In several cases, schools with low mean scores were not always "poor performing" schools. In fact, schools with low mean scores were in many cases the schools with the largest growth rates. Conversely, a high mean achievement score was not always a clear indicator of "good performance". In several instances, schools with high mean scores had growth rates below the district average.
The demonstration that school performance can vary on the basis of the analytic model applied suggests that it is essential to use evaluative models that do not unfairly reward or penalize schools for factors that are beyond the control of school personnel (Hanushek & Raymond, 2001; Ladd, 2001) . Current evaluative practice often falls short of this goal. The accountability systems now in use in many states apply evaluative methods that cannot separate school level variation from student level variation or validly disentangle school effects from factors that are outside the control of educational policy and practice at the school (Stevens, Estrada & Parkes, 2000) . One of the most common approaches in state accountability systems is the use of the school mean as the only or the key component in the evaluation of school effectiveness. As an evaluative measure, the school mean has widespread appeal. School means are easily calculated and are readily understood. However, the school mean is also a biased indicator of school performance (Heck, 2000) . School means reflect all influences on student performance, including those exogenous to the school (e.g., family background, prior achievement, community context). As a result, the school mean often provides a misleading picture of school performance. Schools with advantaged intakes tend to be evaluated more favorably than schools with disadvantaged intakes, regardless of the impact the school has on students over time .
Another option for assessing school performance is available to those states or districts that collect comprehensive data on student background. School means can be adjusted on the basis on student characteristics, prior achievement levels, and community characteristics in an attempt to arrive at a mean value that isolates the contribution of school practice and policy (Clotfelter & Ladd, 1996; Raudenbush & Willms, 1995; Willms, 1992) . However, these data are often difficult for states and districts to adequately and accurately collect and analyze. Adjusted school means also present states and districts with two unwanted concerns. One concern has to do with public response to having a lower standard of performance for certain special student populations. The second stems from the difficulty of having to convey the meaning of complex statistical adjustments to parents, teachers, and school administrators (Clotfelter & Ladd, 1996; Elmore et al., 1996) .
An alternative to the adjusted school mean is a measure based on changes in students' academic achievement over time. As a measure of school performance, school mean growth may offer a more tractable and accurate method of adjusting for socio-demographic characteristics by providing control over confounding influences associated with the stable characteristics of students (Haertel, 1999; Lane & Stone, 2002; Stevens et al., 2000) . Repeated measurement of individual students provides control over the background and intake characteristics that strongly impact the level at which a student performs by shifting the measurement process from indexing student performance at a single point in time to tracking the rate of pupil progress over time (Sanders & Horn, 1994) . The calculation of student growth rates thus enable schools to be evaluated in terms of the gains students make instead of the level at which students start, thereby enabling a more valid comparison of schools that differ in the intake characteristics of their student bodies.
Despite the promise of using multilevel, longitudinal models to measure school performance, very few states have accountability systems that track individual students over time or use analytic methods that account for the hierarchical structure of accountability data (Council of Chief State School Officers, 2001; Education Week, 2001 . However, the importance of basing an accountability system on an outcome measure that can be impacted by school practice and policy cannot be overstated. If school effectiveness is not evaluated in a way that actually reflects school practices and policies but instead reflects student intake characteristics, the state system for evaluating school performance can become a source for flawed decision-making and a target of criticism and possible litigation by disgruntled stakeholders (Parkes & Stevens, in press ). Misguided assessment policy can thus stall attempts at constructive school-based change and effectively undermine the intent of the accountability system.
The present study demonstrated that assessments of school performance vary on the basis of the analytic methods applied to the data. Depending on whether schools were evaluated in terms of mean achievement or mean growth, assessments of school performance were shown to differ dramatically. In some cases, schools with low mean scores had high growth rates and schools with high mean scores had low growth rates. These results suggest that states should not rely on the school mean as the sole indicator of school effectiveness. Instead, consideration should be given to incorporating into school accountability systems measures that track student learning or growth over time. The importance of assessing student growth is further underscored by the amount of variation in growth rates that can be attributed to school-to-school differences. In the present study, school differences in mean growth were two times greater than school differences in mean achievement in mathematics and over four times greater than school differences in mean achievement in language. Identification of large amounts of school level variation in growth rates suggests that schools can have substantial influence on student achievement. Future research that examines the influence of school demographic factors, school climate, and school practice and policy on school growth trajectories will begin to facilitate our understanding of why some schools are more effective at promoting student growth in achievement than others. 
